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PROSPECT Overview
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ML to improve analysis

o Currently use tail-fraction method for pulse shape
discrimination method to discriminate particles (electron-like
recoil vs nuclear recoils)

« PSD and energy can be used to separate nLi capture events
quite well, but electrons, gammas, and positrons are difficult

o Positron tagging using topology, possible use of
Ortho-positronium formation to improve thise
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http://meetings.aps.org/Meeting/DNP20/Session/EG.7
http://meetings.aps.org/Meeting/DNP20/Session/EG.4

Positron ID through o-Ps tagging

- Can we ID a subset of positrons though
positronium formation? ’
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ML techniques

e Sparse convolutional neural networks are used to identify
patterns in the energy deposition of various particles for
particle discrimination

 PyTorch Lightning ML framework used for quick start o
scalable multithreaded / GPU friendly code

e Spconv sparse convolutional library for pytorch

o Simulated gammas, electrons, positrons between 0-9 MeV
randomly distributed within the detector
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https://pytorch-lightning.readthedocs.io/en/stable/
https://github.com/traveller59/spconv

Particle Classification ML Architecture

- Sparse CNN -> |linear - B = B
- Minimize cross — | Clssitns
Deep Learnin : N [ Y assification
enfropy loss P = — - —>
- Stochastic gradient e e =
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Simulated distributions
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Best Trial Results

Best trial found after hyperparameter
opftimization ( ~ 100 trials)
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https://optuna.readthedocs.io/en/stable/

Accuracy Distributions
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Precision vs Deposited Energy and PSD
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Multiplicity Precision

o Multiplicity is important in the network’s ability to distinguish
« More work needed to fully understand what the network is
doing
— Analyze statistical properties of pulses and topology of event
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Conclusions / Future work

e Positrons within PROSPECT can be distinguished from gammas
and electrons with up to 80% accuracy using sparse CNNs
based on simulated waveform data

- More work needs to be done to understand the physical signatures
and if it is learning artifacts in the simulation
« We could not distinguish OrthoPositronium in PROSPECT
based on simulation but could be a useful tag in gas based
detectors or high temporal resolution detectors like TPCs
o Future work:
— Try training on / classification of real pulse data from calibration runs
— Incorporate sparse CNN information into classification of IBD
candidates
- Improve classification by utilizing image segmentation to identify
different particles within a single event
- Improve light simulation for more realistic simulated pulses
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Precision - Recall / ROC curves
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Simulated distributions
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Best Trial Results
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https://optuna.readthedocs.io/en/stable/

Accuracy Distributions
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Precision vs Deposited Energy

Gamma Electron Positron

°o o e
o [e4] o
.

precision
o
S

L

o
N

o
o

Muon Neutron NCap6Li
0.8 ]

precision
o o
IS o

=
N

0.0 -

2 4 6 8
Energy [MeVee] Energy [MeVee] Energy [MeVee]

%OAK RIDGE

National Laboratory




Precision - Recall & ROC curves
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Precision Distribution (Energy - PSD space)
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Confusion Matrix at selected energies
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Comparison - Waveforms vs Extracted
Features
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